Abstract-This paper introduces an adaptive multiresolution framework for electric vehicle (EV) energy consumption estimation with real-time capability. Three key parameters, namely powertrain efficiency, wind speed, and rolling resistance, are adaptively estimated using a two-step nonlinear iterative algorithm. Based on this algorithm, a multichannel framework for high-resolution powertrain efficiency estimation is introduced. Employing the "connected vehicles" concept, more reliable trip level energy estimates are achieved by sharing sensed environmental information. In addition, state-of-charge aware energy cost prediction methods of different accuracy and complexity are introduced to combat range anxiety and reduce computational complexity during times of high energy reserves. A variety of detailed simulations illustrate the introduced concept and its benefits for future EV systems.
I. INTRODUCTION

E
LECTRIC vehicles appear to be a promising form of sustainable transportation ( [1] - [3] ) and it is well known that electrified transportation using electric energy storage systems, electric machines, and power electronic converters can provide much higher efficiencies [4] . Therefore, the increased use of battery electric vehicles can provide many benefits that include potential independence from oil, reduction of vehicle emissions ( [5] , [6] ) and utilization of excess energy from renewable sources [7] . Although advances in battery technology ([8] - [10] ) have already put a number of electric vehicles on the road, limited energy storage continues to cause sluggish consumer acceptance due to range anxiety issues. The sustainable and predictable energy usage in electric drive systems is a key aspect for decreasing range anxiety. This framework can have a profound impact on consumer adoption rates.
Sustainable energy usage for electric vehicles has been investigated by many researchers through a variety of methods. First, due to new electric drive systems, the efficient, highperformance, and reliable powertrain system design of battery EVs is an important focus area (see the results in [11] - [13] ). More specifically, results on electric energy storage systems can be found in [14] - [16] , on electric powertrain system in [17] - [19] , on electric machines in [20] , and power electronic converters in [21] . Second, in order to utilize the limited battery energy optimally, advanced energy management techniques have been explored in [22] - [30] . Previous research efforts concentrated in some way or form on development of on-board control strategies for vehicle energy management. Trip level energy management is also an important and necessary aspect for optimal battery energy utilization in EVs. Trip level management can be used to provide comprehensive knowledge of energy usage and also deliver optimal energy-efficient operating strategies during a trip [31] . Due to these benefits, trip level energy management has the potential to eliminate range anxiety. A fundamental topic for trip level energy management in EVs is energy consumption estimation and prediction. The subject of energy consumption prediction has already been widely investigated. Previous methods studied this problem from two main aspects: One aspect is the physical model method, including tractive effort models ( [32] , [33] ), power-based energy consumption models [34] and an accurate computationally efficient energy consumption model based on generic high-level specifications and technical characteristics [35] . The other aspect is comprised of data analysis methods, including information fusion from multiple sources [36] , cycle-averaged approaches [37] , model construction by utilizing past driving history data and previous drive cycles [38] , feature-based linear regression from historical driving data of e.g. the Nissan Leaf [39] , sequential decision making based on driving data [40] , hybrid machine learning models [41] , a systematic energy consumption estimation approach based on driving conditions [42] , and multiple linear regression methods based on real-world data [43] . This aspect also includes a multi-level mixed-effects linear regression approach based on sparse GPS observations [44] , a big-data framework [45] , and many others that, for the sake of brevity are impossible to all mention. Data such as traffic information, environmental and road conditions, have also been considered in the context of energy consumption models. See for example ([46] - [49] ).
However, there are three main challenges that were not resolved in previous research work on trip level energy consumption prediction. The first challenge is the determination of high-resolution real-time powertrain efficiency. Powertrain efficiency, e.g. propulsion or regeneration efficiency, is not constant and indeed depends on real-time driving conditions. The 0018-9545 © 2017 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
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second challenge is described by environmental effects on EV energy consumption. Environmental conditions, e.g. wind, temperature and weather conditions, can have substantial effects on EV energy usage as shown in previous results ( [50] , [51] ). The third challenge is the acquisition of real-time traffic information along a specific route. The energy cost of electric vehicles varies significantly with vehicle speed and driving patterns [31] . Therefore, the dynamics of traffic and environmental information can have a profound effect on EV energy cost. Real-time information on powertrain efficiency, wind speed and rolling resistance is crucial for an accurate energy cost estimate. To the best of our knowledge, the existing literature does not address these challenges, at least not in a dynamic problem setting. Our work focuses on solving these challenges and subsequently obtain a framework for high-resolution prediction of EV energy consumption with real time capability.
The main objective of this paper is to provide a design methodology and framework for high resolution transportation energy prediction for EVs and do so in an adaptive manner with real time capability. In order to achieve this overall objective, a physical model for energy consumption, i.e. a longitudinal dynamic model, is utilized with consideration of environmental conditions. In this paper, the following three objectives (O 1 ∼ O 3 ) are addressed in sequence: O 1 : The development of a multi-channel framework equipped with a two-step adaptive nonlinear recursive estimator to obtain a high resolution propulsion powertrain efficiency map and an accurate representation of environmental information. This high-resolution efficiency map describes the detailed dynamics of powertrain efficiency under real-time vehicle operating and traffic conditions. O 2 : Utilization of the connected vehicle concept with the capability of obtaining global and real-time traffic and environmental information along the investigated route. In this concept, each connected vehicle runs the proposed estimation framework for real-time traffic and environmental information acquisition. By combining the results in O 1 and O 2 , we can resolve the existing three challenges and then provide a high-resolution prediction of EV trip level energy cost. O 3 : A battery -state-of-charge (SOC)-aware multiresolution framework capable of performing energy cost prediction under different charging urgency levels. Electric vehicles with different battery energy states will have different requirements for prediction accuracy. A rough prediction may be sufficient for an EV with a high SOC, but a high-resolution real-time prediction is necessary for EVs with low SOC in order to guarantee a successful completion of the planned trip. With the results of O 1 and O 2 , multi-resolution predictions for different accuracy requirements can be provided. This is an important feature for future on-board systems in order to balance prediction accuracy with communication and computational cost. This paper is organized as follows: Section II introduces the environmentally-aware energy consumption model for EVs. Section III provides an adaptive multi-channel estimation algorithm for powertrain efficiency, wind speed and rolling resistance. A connected vehicle framework is used to provide trip level energy cost prediction in Section IV. A multi-resolution framework for SOC aware energy cost prediction is introduced in Section V. Detailed simulations illustrate the proposed framework in Section VI. Section VII provides conclusions for this paper.
II. ENVIRONMENTALLY AWARE ENERGY CONSUMPTION ESTIMATION
A. Energy Consumption Model With Environmental Factors
Denoting the overall consumed power in the battery as P bat (t), the output power from the battery as P out bat (t) and the tractive power consumed at the wheels as P tra (t), we have the following relationship:
where V (t) is the terminal voltage of the battery and I(t) is the battery current. η bat is the battery efficiency and η pt is the lumped powertrain efficiency, which includes the efficiency of the electric motor, power converter, motor controller, etc [46] . The power consumed at the wheels, P tra (t) can be modeled using four components:
where F air (t) is the air drag force, F rr (t) is the force caused by rolling resistance, F hill (t) is the hill climbing force and F ac (t) is the acceleration force. v(t) is the vehicle speed. These four forces have the following characterizations:
In these equations, C d denotes the air drag coefficient, A the projected frontal area, w(t) the wind speed component in the direction of vehicle speed, ρ the air density, M the vehicle mass, f r (t) the rolling resistance, α(t) the angle of road surface, and a(t) the vehicle acceleration. Equation (4) uses an approximate linear model describing the relationship between the coefficient of rolling resistance and vehicle speed. For more details see [52] . In (4) vehicle speed needs to be expressed as meters per second. This longitudinal model for energy consumption shows that the power or energy consumed at the wheels can be severely affected by the wind speed and road conditions. Road conditions, for example, can be modeled by different values of rolling resistance. However, the powertrain efficiency is not constant and also depends on the operating conditions. The following section introduces a detailed analysis addressing these issues.
B. Analysis for Powertrain and Battery Efficiency
In our analysis, the overall propulsion efficiency is divided into two main parts: powertrain efficiency and battery efficiency. Both, traffic and road conditions can impact the powertrain efficiency. On the other hand, battery SOC, state of health (SOH) and ambient temperature can influence the battery efficiency. For the sake of brevity, regeneration efficiency is not considered in the following analysis. However, the proposed method can be extended to include regeneration efficiency in a straight forward manner.
1) Powertrain Efficiency:
As discussed in the previous section, the powertrain efficiency can include the efficiency of several drivetrain components, e.g. e-motor, power converter, motor controller, etc. Among them, e-motor efficiency has a pronounced dependency on driving and traffic conditions. In the following analysis, we assume that other efficiency values are constant and only consider the dynamics of the e-motor efficiency. A simplified efficiency model of electric motors can be formulated as follows [53] :
where T is output torque of the e-motor, ω is the angular speed of the e-motor, k c is the copper loss coefficient, k i is the iron loss coefficient, k w is the windage loss coefficient and C represents constant losses that apply at any speed. for different traffic and road conditions are necessary in order to obtain a more accurate energy cost estimation for a specific EV.
2) Battery Efficiency: Consider a simplified equivalent circuit for a vehicle battery system. It only models the constant internal resistance and does not consider the dynamics of the battery. Thus we have the following equation to calculate the battery efficiency η bat (SOC, T, v), which depends on the state of charge(SOC), temperature T, and vehicle speed v.
where
is the battery output current, and R(T, SOC) is the battery internal resistance. By using internal resistance data, open circuit voltage under different SOC, and temperature from [54] , [55] , we can calculate the battery efficiency as shown in Fig. 2 . Within these results, we use the output currents to simulate different driving loads. From Fig. 2 , we can see that the battery efficiency is a weak function of different operating conditions, i.e. different vehicle speeds and battery states. Fig. 2 only shows the results for the SOC values that are larger than 0.5. At a constant temperature and under relative high SOC, the dynamics of battery efficiency can be ignored and a constant value for battery efficiency can be used in the energy cost estimation model. However, the influence can become larger when the SOC is relative low. It has a pronounced effect under extremely low SOC, e.g. less than 0.2. These low SOC situations are not considered in this paper since they are avoided in practice.
III. MULTI-CHANNEL ADAPTIVE PARAMETER ESTIMATION
In the previous section it was shown that powertrain efficiency, wind speed and rolling resistance are interconnected and vary dynamically. It is important to obtain accurate real-time information for these parameters. In this section, an adaptive framework is introduced to estimate these parameters.
A. Reformulation of the Energy Consumption Model
The power consumed at the wheels can be calculated by the following equation:
The output power from the battery can be rewritten as follows:
Denote
Due to the different scales of these coefficients, further manipulations are necessary to scale for algorithm stability. Suppose there are four different coefficients, c 1 , c 2 , c 3 and c 4 . For example, for the Nissan Leaf in our simulation, we use the values of c 1 = 1, c 2 = 0.01, c 3 = 10, c 4 = 100. Define the following variables:
Then equation (11) can be written as:
T .
B. A Two-Step Nonlinear Recursive Estimator
In order to handle the nonlinear dependence between the output power and the estimated parameters, the following twostep nonlinear recursive estimator is introduced based on the method in [56] , where a detailed convergence analysis has been performed. In this estimation procedure, the first step is linear estimation using Kalman filters, while the second step contains a nonlinear search for optimizing estimated values.
Suppose the output power z k at each estimation step k can be obtained by measuring the battery output voltage and current. There are N measurements in total.
defined in equation (12) . The subscript k represents the specific values at step k. In each step, assume there is an output gaussian noise n k with zero mean and covariance matrix R k and a state gaussian noise m k with zero mean and covariance matrix Q k . Then the two-step nonlinear recursive estimator can be summarized as follows: Given the following model:
Step: Measurement Update:
Time Update:
Second
where i represents the iteration number in the second-step optimization.
C. Multi-Channel Estimation for a Powertrain Efficiency Map
As we discussed in the previous section, the powertrain efficiency of an EV depends on operation conditions. Driving conditions can be captured by three real-time factors, i.e. vehi-
, and angle of incline of the road α(t) ∈ α set = [α min , α max ]. We perform the discretization method on these feasible sets as follows. The mapping for powertrain efficiency is given by: a(t), α(t) ). According to the previous analyses, the powertrain efficiency value is not constant on the entire range of V set × A set × α set . In order to perform a precise estimation under different operation conditions, we can discretize the whole input value space into subregions. If the sub-region is very small, we can say that the powertrain efficiency is constant in each sub-region. Therefore, for a specific
, a(t) ∈ (a n −1 , a n ] and α(t) ∈ (α l−1 , α l ], the powertrain efficiency value is constant and has the value η m ,n,l . Then we have the relationship:
In order to obtain the efficiency map under different operation conditions, the multi-channel framework in Fig. 3 
In the multi-channel framework, the size of V set , A set and α set are M , N and L. In total, we have C m = M × N × L channels. The obtained input data can be divided into C m groups. The ratio of each group is R i , and The above analysis provides the lower bound of sample volume for convergence. When i =j |R i − R j | becomes larger, the sample volume K for convergence on the whole efficiency map will become larger. This means that the measured samples should on average traverse all channels.
IV. ENERGY CONSUMPTION PREDICTION USING CONNECTED VEHICLES
Due to highly dynamical traffic information and environmental conditions, it is almost impossible to get an accurate energy cost prediction by only using local EV information. The connected vehicle framework which is established via Vehicleto-Vehicle (V2V) and Vehicle-to-Infrastructure (V2I) networks is necessary in order to obtain the real-time global traffic information and environmental conditions. We cannot obtain the battery terminal voltage U (t) and battery current I(t) at a specific future point in time. In order to predict the energy cost in future routes, the proposed longitudinal model is used. This model needs the potential velocity profile, acceleration profile, geographic profile and also the environmental information, i.e. wind speed profile and rolling resistance. All the information will be measured or estimated by connected vehicles along the given route. Fig. 4 provides the overall framework for the energy consumption prediction using connected vehicle concept. Networked vehicles need to have the ability to communicate with the infrastructure or the remote internet server. Each EV is assumed to have the sensors to record the velocity, acceleration, current geographic information and also battery power. All EVs have deployed the proposed two-step recursive algorithm for environmental information estimation. Therefore, each connected vehicle on the given route will provide two types of data: one is the directly measured data, i.e. velocity v, acceleration a and geographic data α; the other is the estimated environmental data generated by in-vehicle estimation algorithm, i.e. wind speed w and rolling resistance f rr .
The entire route is divided into Q segments (Δs 1 (22) where θ p is the parameters vector in equation (11), x p is input vector in equation (11) (22), we assume the vehicles on each segment are uniformly distributed. A more detailed model can be formulated once the exact location distribution of EVs on each road segment has been obtained. Fig. 4 introduces a block diagram for the prediction process. It can be summarized as follows: (1) Provide start location and destination and obtain the specific route from the routing engine, e.g. Google Maps. (2) Send a prediction request to the remote server. Second, the server will divide the whole route into Q segments and collect the traffic, geographic and environmental information from the connected vehicles on these segments. This information is stored on the server. It also sends thisinformation back to the EV; (3) The EV utilizes the obtained information and equations (20)- (22) to predict the energy consumption on this route.
The objective in this section is to obtain real-time global traffic and environmental conditions. Therefore real-time data collection from other connected vehicles is necessary. High speed data transmission will improve the estimation and prediction of high-resolution real-time traffic conditions and environmental information. In general, data speed and volume is dependent on traffic conditions.
V. A MULTI-RESOLUTION FRAMEWORK FOR ELECTRIC VEHICLE ENERGY CONSUMPTION PREDICTION
As we discussed in previous sections, in order to obtain an accurate energy consumption prediction on a future route, the real-time global traffic information and environmental conditions need to be estimated from other connected vehicles. However the knowledge of the high resolution efficiency map is also necessary. These processes will increase the computational load and time for the in-vehicle processor systems.
In a real situation, the concern of energy consumption prediction accuracy for the EV owner changes continuously. When an EV with a large battery capacity is fully charged, as the vehicle has enough energy to finish the intended route, the EV owner will not care too much about the exact energy cost. Under this situation, the energy management system only needs to provide a rough prediction for the energy cost. If the state of charge(SOC) of the EV is low, meaning there is only a small amount of energy in the battery, accurate prediction is necessary in order to make sure that the chosen route can be completed successfully. At this time, real-time high resolution energy con- sumption prediction is required for assuring that the destination is reached.
In this section, a multi-resolution framework for electric vehicle energy consumption prediction is introduced. It has a decision-making function for determining the accuracy level. This function is based on the real-time battery depth of discharge (DoD). A K-Level generator model is defined as follows:
In this model, the function C u (DoD) is the charging urgency function, which is discussed in detailed in [49] . The variable x cu is the corresponding charging urgency value for a specific DoD and 0 ≤ x cu ≤ 1. Generally, an EV with larger DoD has a higher charging urgency. Equation (24) is used to select the prediction accuracy level for a given charging urgency level. The prediction accuracy level should be an integer between 1 and K. Hence, by using the above model, we can determine the required prediction accuracy level for a specific depth of discharge by considering the charging urgency. Fig. 5 provides an example of the multi-resolution framework with five different levels of prediction accuracy. In this example, the charging urgency function is derived from an approximation of real charging action data in [49] . For the sake of simplicity, the entire charging urgency range is divided into only five intervals. Each interval is associated with a prediction accuracy level. Different efficiency models, traffic and environmental information are used under different resolution levels. In Level 1-4, the constant efficiency model is used, while in Level 5, the high resolution efficiency map is used. For the traffic and environmental profile, level 1 only uses the constant speed profile without consideration of environmental conditions; Level 2 uses the drive cycle simulated speed profile, e.g. FTP75, US06, New York Drive Cycle, etc.; Level 3 uses the drive cycle simulated speed profile and constant environmental information; Level 4 and 5 use the real-time speed profile and environmental information obtained from connected vehicles data. In this framework, when the charging urgency becomes larger, the prediction accuracy level will also increase to ensure precise estimation. Fig. 5 is only an example to show how the multi-resolution framework works. In a real system, more or fewer levels of prediction accuracy could be considered based on practical situations so as to provide better energy management for electric vehicles.
Assume real EV energy consumption for a planned trip is E r , which is determined by the actual powertrain efficiency map, traffic conditions and environmental information. Denote the prediction of energy cost on each level of prediction accuracy as E k with k = 1, 2, ..., K. Each E k is obtained by using the estimated powertrain efficiency, traffic conditions and environmental information, which can be high-resolution predictions or simulated values for reduction of the computational load. Denote the error percentage for prediction level k as P k err , which can be calculated according to the following equation.
Generally, these error percentages should have the relationship:
In real situations, it is difficult or even impossible to obtain the actual energy consumption for a particular trip. However, level K has the best prediction of EV energy consumption by using a high-resolution powertrain efficiency map, real-time traffic and environmental information. We can use E K as the basis to calculate the error percentages, i.e. let E k = E r .
VI. SIMULATIONS
In this section, simulations are performed to illustrate the introduced models and algorithms. First, we demonstrate the ability of the proposed adaptive recursive estimator and multichannel framework for obtaining powertrain efficiency with high-resolution and real-time environmental information. Second, a simulated scenario is utilized to illustrate the important role of the connected vehicles framework for gathering real-time global traffic and environmental information. Third, a multi-resolution framework with five different prediction levels is simulated. It is used to demonstrate the prediction patterns and the different accuracy levels.
A. Adaptive Recursive Parameter Estimation 1) Single Channel Efficiency Estimation:
In Section III-B, a two-step adaptive nonlinear recursive estimation algorithm has been proposed. In order to demonstrate the utility of this algorithm, the vehicle parameters for a Nissan Leaf have been applied, including the vehicle mass of 1525 kg, the frontal area of 2.27 m 2 , and the air drag coefficient of 0.29. Four different drive cycles as shown in Fig. 6 are utilized to simulate the vehicle speed profiles and operating conditions in this simulation, i.e. EPA Highway Fuel Economy Test (HWFET), US06 drive cycle, New York drive cycle and EPA Federal Test Procedure (FTP75) drive cycle. Each drive cycle simulates a realistic traffic condition. Using these drive cycles we can check the performance of the proposed estimation algorithm under different traffic conditions. Real energy cost values are generated by adding gaussian noise with the calculated energy cost values from equation (11) . The used values of propulsion powertrain efficiency, rolling resistance and wind speed are 0.8, 0.01 and 10 m/s, respectively. From the results, we can see that each estimation converges to the real value after several estimation steps. However the settling time varies according to traffic conditions. When EVs drive under congested traffic conditions, e.g. New York and FTP75 drive cycle, more steps are necessary to obtain an accurate estimation. Under highway traffic conditions, e.g. HWFET and US06, the proposed algorithm can estimate these parameters much faster using fewer steps. In real-time applications, using a higher sampling frequency for the input profile creates a more stable and fast-response estimation. In this simulation, the sampling time of one second is used due to the sampling period of drive cycle information. Therefore, EVs under congested traffic conditions require higher sampling frequencies in order to achieve an accurate estimation of required parameters.
2) Tracking of Efficiency Values:
In order to demonstrate the utility of the multi-channel estimation framework, a simulated efficiency map has been provided. In this simulation, we don't consider the elevation data, which means that we assume α = 0 during all simulation steps. The corresponding simulated effi- ciency values under different velocities and accelerations are illustrated in Table I . This means that the size of α set is L = 1. The velocity space is divided into four subintervals with size of V set to be M = 4 and the acceleration space also has four subintervals with size of A set to be N = 4. All the other simulation settings are the same as Section VI-A1. In this simulation, the proposed multi-channel model in Section III-C is used to estimate the given efficiency values. Fig. 8 provides the simulation results under both multichannel estimation and single channel estimation. From the given efficiency values(blue line), we can observe the dynamics of efficiency values under different driving conditions. By using the multi-channel estimation method, the estimated values can dynamically track the real given efficiency values. If the simple single channel method is used, we can see that the estimation values are not tracking the efficiency values well. Therefore, our proposed multi-channel framework can enhance tracking and then improve the estimation accuracy under real driving conditions. This will significantly improve the prediction of energy consumption.
B. Trip Level Energy Consumption Prediction
In this simulation, a route of 100 km is considered. This route is divided into 100 segments and each segment has a length of 1 km. The speed limit of each segment will be one of the values from the set {13. 3, 15.6, 17.8, 20, 22.2, 24.4, 26.7, 28.9, 31 .1} m/s (They are common speed limits in US, e.g. {30, 35, 40, 45, 50, 55, 60, 65, 70} mph) . Speed values will be assigned randomly according to a uniform distribution. Further, we assume there are at most 100 location points on each segment, which means that at most 100 connected vehicles will be involved in the prediction for each segment. In total, 500 electric vehicles are simulated on this route. They are randomly assigned to location points. Each vehicle speed will be randomly generated according to a Gaussian distribution. The mean value of this gaussian distribution will be the speed limit on the corresponding road segment and its standard variance is chosen to be 1 m/s. The vehicle's acceleration is randomly generated from a normal distribution with zero mean and variance 0. For each specific vehicle, the corresponding rolling resistance will be randomly generated by a normal distribution with mean value selected from the interval [0.01, 0.02] and variance 0.001. We assume all the vehicles have the same vehicle parameters. Of course, a more generalized case using different types of EVs with a certain distribution along the route, can be used. The proposed method can also handle this more complicated situation, but is omitted here for the sake of brevity. Fig. 9 provides vehicle number distribution and the corresponding velocity distribution on the whole route. We can see that each segment has its own number of connected vehicles and average speed values. The detailed vehicle speed values on each segment are randomly generated, e.g. the speed profile for 11 vehicles on segment 49 in Fig. 9 . Fig. 10 provides the energy consumption prediction values on all road segments. It shows the detailed prediction contribution for all 11 vehicles on segment 49. We can see that the vehicle energy consumption can be predicted with a higher resolution if more connected vehicles are involved. The overall energy cost on this route is the summation of the energy cost values on all the segments.
C. Multi-Resolution Energy Cost Prediction
This simulation is used to demonstrate the multi-resolution energy consumption prediction. Five different charging urgency levels in Fig. 5 are tested. The simulation parameters are the same as those in VI-B, including the information of vehicle and route. Different velocity profiles and environmental information are used according to the prediction levels as shown in Fig. 5 . When "constant efficiency" is used in some of the introduced levels, this indicates that the overall propulsion powertrain efficiency is assumed to be constant under different traffic and operating conditions. When predicting the energy consumption, we chose η bat = 0.8.
In this simulation, the simulated speed profile on each road segment is a weighted nominal drive cycle (e.g. HWFET, US06) approximating the drive pattern of EVs. A weighted drive cycle is generated from a normal drive cycle by weighting it in such a way that results in the same overall average speed as the corresponding average speed of each road segment. Denote the energy consumption prediction on road segment i as E i with a distance of d i . For a specific weighted drive cycle, we can calculate the overall distance of d c and also estimate the overall energy consumption E c . Then we can estimate the energy consumption on the road segment i as E i = From Level 1 to Level 2, traffic conditions are simulated by a specific drive cycle, e.g. HWFET or US06. When we use the HWFET, the difference between E 1 and E 2 is small. This is because HWFET has mild speed changes and is very similar to the constant speed profile in Level 1. When we use the US06 drive cycle, the prediction has changed a lot due to the consideration of many acceleration and deceleration event and higher speeds. For Level 2 and Level 3, only constant average environmental information is used. The prediction of overall energy consumption in Level 3 is changed and becomes more accurate than Level 1 and Level 2 due to the smaller error percentage. From Level 3 to Level 4, real time traffic and environmental conditions are considered. Although the predicted value of EV energy cost becomes smaller than that of Level 3, the error percentage of this prediction is decreased due to real-time information. From Level 4 to Level 5, a high-resolution powertrain efficiency map is utilized to achieve a even more accurate prediction of the energy consumption. However, the improvement of energy cost prediction is small. From the simulation conditions in Fig. 9 , the simulated traffic conditions do not cover a large operational range of the powertrain system. This means that the powertrain efficiency does not have large dynamics compared to constant efficiency. Therefore the improvement is small.
Under different levels of prediction accuracy, not only are the predictions of overall energy consumption different, but also intermediate energy cost patterns for each segment differ from each other. It is very important to know the exact energy cost on each road segment when EVs have a low SOC. Therefore, the energy cost prediction under a higher level can provide a more accurate energy cost prediction on all road segments, not just an overall prediction. The simulation shows that the multi-resolution framework can be used to satisfy different requirements of prediction accuracy for different levels of battery SOC. EVs with smaller SOC require energy cost predictions with the higher levels of prediction accuracy. The introduced framework has the ability to provide the predictions of energy cost adaptively as a function of the battery energy.
VII. CONCLUSION
This paper introduces algorithms for trip level estimation of EV transportation energy. For the first time a method that is capable of including environmental effects in the energy consumption model and the estimation algorithm is developed. In addition, a multi-resolution energy estimation scheme is provided that adapts computational complexity to the level of accuracy needed, i.e. it provides high accuracy/complexity when battery reserves are low and low accuracy/complexity when battery reserves are high. In order to acquire relevant and accurate environmental data, the connected vehicle concept is used to provide local street level wind speed and rolling resistance data along the planned route. The estimation algorithm, in addition to environmental data, also delivers estimated lumped power-train efficiency, i.e. it is capable of providing early indications of decaying system health. Simulations illustrate the theoretical concepts and show performance (accuracy, tracking, etc.) of the proposed algorithms. In summary, this work provides new and promising methodologies for dealing with environmental uncertainties and their effect on transportation energy estimation. In particular, the real time capability of transportation energy estimation and determination of vehicle health has been an open problem and the provided concepts provide a promising set of solutions.
This paper concentrates on algorithmic solutions for transportation energy estimation under a variety of conditions. Although the algorithms are tailored to real time applications, the focus of this paper has not included communication aspects. In future work we will be addressing questions of bandwidth requirements, the effects of delays, and questions of local versus centralized computational power.
